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There has, in recent years, been an upsurge in the number of studies examining the effects
of working part-time while studying. This employment effect is typically considered with
respect to educational outcomes, but also with respect to post-school wages and employment
probabilities. Some authors, such as Warren, LePore and Mare (2000), argue that studies have
typically treated educational careers and occupational careers as mutually exclusive and that
only recently attention has been garnered toward examining the relationship between students
who work and their educational achievements. Such research suggests that there is a high level
of interaction between earning and learning. Nonetheless, whilst it is true that the subject of
working during school hours is gaining popularity in the literature, the phenomenon of working
during education has been known for some time to both sociologists and economists.
Ithas nowbeen overtwodecades sinceboth D’Amico(1984)and MichaelandTuma (1984)
observed that employment among young people in the education system is remarkably high.
Michael and Tuma remark that: “Among 14- and 15- year-old students in 1979, about one
in four was employed [and that] this is not a trivial rate of employment” (p. 466). Likewise
D’Amico noted that employment intensity increases rapidly as age progresses, from approxi-
mately 40 percent for those in grade 10 to 70 percent for those in grade 12. It was here that
some of the ﬁrst questions about the effect of working during school on attainment were raised.
Such questions are primarily concerned with whether working during schooling can be seen
as a substitute or as a complement to education. Part-time work can be seen as a substitute to
education because any additional increase in time spent working lead, ceteris paribus, to a
reduction in time spent on education1. This, in turn, might negatively affect any educational
outcomes. Alternatively, it may be that working complements educational attainment via the
acquisition of a variety of skills such as improved work values, literacy and numeracy skills.
If one assumes that such skills are general and transferable, it is possible that individuals who
work whilst in full-time education might have a learning advantage compared to those who do
1This argument is usually referred to in the literature as the zero-sum model.
2not (Holland and Andre, 1987).
Most of the existing studies show that working particularly long hours during school has
a detrimental impact on educational attainment. However, there is also evidence from the lit-
erature that working a small amount of hours may be beneﬁcial to studying. Working during
school can thus both be a complement or a substitute to education, depending on the amount of
hours worked.
On an empirical ground, the main difﬁculty in identifying and thus estimating the causal
effect of part-time work on educational attainment lies in the potential endogeneity of part-
time work. Indeed, labour supply decisions of students are likely to be related to unobserved
characteristics that are in turn related to academic attainment. For instance, conditional on
observables, students deciding to work part-time may have a lower unobserved ability or moti-
vation for schooling. In that case, OLS estimates would lead to overstate the detrimental effect
of part-time work.
The endogeneity issue has cast doubt on earlier obtained results, and has led to the imple-
mentation of instrumental variable estimators (Ehrenberg and Sherman, 1987; Lillydahl, 1990;
Singh, 1998; Warren, LePore and Mare, 2000; Tyler, 2003; Stinebrickner and Stinebrickner,
2003; Dustmann and van Soest, 2007; Rothstein, 2007). However, as already pointed out by
Stinebrickner and Stinebrickner (2003), an instrument causing an exogenous variation of part-
time work decisions is very difﬁcult to ﬁnd in this context. Up to now, even the best attempts to
provide such an exogenous variation are questionable. Using U.S. interstate variations in child
labour laws as an instrument for students labour supply as it is done by Tyler(2003) might not
be valid, since the adoption of speciﬁc child labour laws within a state might be related among
others to the emphasis placed on educational attainment2 and therefore be also endogenous with
respect to academic attainment.
In this paper, relying on the National Educational Longitudinal Study of 1988 (NELS:88)
dataset, we address such issue using nonexperimental estimators which do not rely on the va-
2Given the widely spread belief of an adverse impact of part-time work on educational attainment, it might be
that a state placing greater emphasis on academic attainment would adopt more stringent child labor laws.
3lidity of an instrument in order to estimate the causal effect of part-time work during grade 12
on educational attainment. We take advantage of both the longitudinal nature of the NELS and
the richness of the available set of covariates by employing, for the ﬁrst time in the related em-
pirical literature, a semiparametric local linear matching approach combined with difference-
in-differences (conditional difference-in-differences, CDiD, Heckman, Ichimura, Smith and
Todd, 1998). This identiﬁcation strategy allows us to address selection on both observables and
unobservables associated with labour supply decisions of students. A closely related method-
ological approach has recently been followed on the same dataset by Sanz-de-Galdeano and
Vuri (2007) which uses a DiD estimator to assess the effect of divorce on students’ academic
performances. Our identiﬁcation strategy differs from theirs in the extent that it relies on a more
ﬂexible semiparametric matching approach in order to control for the observable characteristics
of the individuals.
Once observable and unobservable factors are controlled for, we ﬁnd negligibly small ef-
fects on twelfth grade standardized reading and math scores, even for intensive part-time em-
ployment. Comparison with OLS estimates suggests that any negative relationship between
part-time work and educational attainment is actually due to unobservable effects.
The remainder of this paper is set out as follows. In section 2 we brieﬂy present stylized
facts about part-time work during schooling in the United States. Section 3 will highlight the
zero-sum model, how it relates to the effect of part-time work on educational attainment and
provide an overview of previous ﬁndings in the literature. Section 4 outlines a theoretical model
of the decision to work part-time. Section 5 provides a brief overview of the National Educa-
tion Longitudinal Study of 1988 (NELS:88) and its associated descriptive statistics. Section 6
details the empirical analysis while section 7 presents the results. Finally section 8 concludes.
42 Youth employment during schooling in the United States
It should be remembered that whilst the minimum school-leaving age in the United States is at
age 16, the minimum legal working age is age 14 or above.3 Even those below the minimum
legal working age may ﬁnd part-time employment in informal jobs such as babysitting or deliv-
ering newspapers. This implies that a substantial part of the schooling population is eligible to
perform some function in the labour market, and therefore, one cannot separate the education
and the labour market completely.
The Youth Labor Force 2000 report, by the American Bureau of Labor Statistics, ﬁnds
that during the 1996-1998 period 2.9 million 15 to 17 year olds worked during school months,
while during the summer months this increased to 4 million. It appears that the prevalence
of part-time work increases with age and “at age 12, half of the American youths engage in
some type of work activity” (p. 20). This number increases to over half (57%) for 14 year olds
and to 64% for those aged 15. By age 16 to 17 over 80 percent of individuals will have held
a part-time job. Furthermore, as age progresses the nature of work appears to formalise from
freelance work into a more mature and binding employment relationship. Evidence from the
literature ﬁnds likewise proportions, and of those who do work, the work intensity is substantial
and increasing with age (Ruhm, 1995). Besides, as mentioned by Singh (1998), the proportion
of students holding a part-time job has dramatically increased during the last decades since
students in the 1990s were twice as likely to work part-time as students in 1950.
Itshouldalsobenotedthatwithinthepolicyenvironmentadichotomyofviewsexist. Those
holding the view that working is complementary for educational experiences of young adults
are in favor of formal school-to-work programmes, with the aim of expanding the employment
experience of students. Conversely, those who hold a less favorable view and argue that such
programmes are undesirable and counter-productive consider that more stringent child labour
laws should be considered (Warren, 2002). Noteworthy is that the conviction of a detrimental
effect of part-time work on educational attainment, relying on academic research, is increas-
3Note that state-wise variations exist for both the minimum school leaving age and the minimum working age.
5ingly wide-spread since last ten years. This view has recently led some states, such as Mas-
sachusetts or Colorado, to implement more stringent child labour laws reducing the maximum
amount of time students could work during the school-year.
3 Literature review
In this section, after presenting the baseline zero-sum model which is used in the literature
as a core framework for analyzing the relationship between part-time work and educational
attainment, we will review the related empirical literature.
3.1 Modeling the relationship between part-time work and educational
attainment
The time perspectives of working part-time during education are based on the zero-sum model
(Coleman, 1961; D’Amico, 1984; Marsh; 1991; Warren, 2002), which provides a core theoret-
ical framework for examining the relationship between part-time employment and educational
attainment. The zero-sum model argues that time has a ﬁnite horizon and any additional time
spent on employment during education must lead to a reduction in time spent on educational
advancement, ceteris paribus. Additionally, participation in extra-curricular activities which
could improve psychological adjustment and commitment to schooling, may be hampered by
those in part-time employment (Lewin-Epstein, 1981; D’Amico, 1984).
Within this baseline model, individuals are assumed to choose the amount of time devoted
to part-time work (Tpt) and homework (Th) by maximizing their utility, subject to the following
time constraint:
T = Th + Tpt + Tl (1)
Where T denotes the total amount of time available outside of school and Tl the amount of time
allocated to leisure.
6Throughout the literature examining the effect of part-time work on educational attainment,
the zero-sum model has mainly been used to provide a framework which yields negative returns
to part-time work in terms of educational attainment. Within this framework, negative returns
to part-time work simply stem from the fact that time spent working is taken away from other
activities such as homework, which in turn is assumed to have a positive effect on educational
attainment.
Nevertheless, the zero-sum model is not necessarily incompatible with positive returns to
education from working part-time. Indeed, if one additionally assumes that educational skill
accumulation suffers from diminishing marginal returns and that working part-time during
schooling results in a positive amount of educational skill accumulation (Holland and An-
dre,1987), then the net pay-off to attainment from working few hours per week may be larger
than investing a few hours more on homework per week. In other words, the marginal return of
working during full-time education might be higher than the marginal return of homeworking.
Thus, depending on the assumptions which are made on the attainment production function,
the zero-sum model can be both consistent with a detrimental as well as a positive effect of
part-time work on academic achievement.
3.2 Prior evidence
Over the last twenty years, especially in the United States, much interest and debate has focused
on the effects of working during full-time education. Some of these studies indicated reduced
academic performance by students who worked (Greenberger and Steinberg, 1980; Marsh,
1991; Eckstein and Wolpin, 1999; Tyler, 2003; Stinebrickner and Stinebrickner, 2003), whilst
others found no negative effect (Meyer and Wise, 1982; D’Amico, 1984; Green and Jacques,
1987; Mortimer, Finch, Shanahan, and Ryu, 1992; Schoenhals et al., 1998; Warren et al, 2000;
Rothstein, 2007). Many papers, however, showed that the effects varied, depending on hours
worked - that modest involvement in employment did not interfere with academic performance
and was sometimes associated with a positive impact on grades, but intense involvement had
7negative effects - (Steinberg et al., 1982; Schill et al., 1985; Lillydahl, 1990; Steel, 1991;
Turner, 1994; Cheng, 1995; Singh, 1998; Oettinger, 1999; Montmarquette et al., 2007). This
appears to be the most predominant ﬁnding in the literature with an approximate inﬂection
point varying between 10-20 hours of work per week.
Early empirical research into the effects of working whilst in education was ﬁrst conducted
by Steinberg et al (1982), Steinberg and Greenberger (1980) and Greenberger et al (1980).
More rigorous statistical analysis is introduced by D’Amico (1984) who uses OLS estimation
to ﬁnd that working part-time does not appear to have a detrimental effect on educational attain-
ment. Marsh (1991), however, using High School and Beyond daya (HSB) ﬁnds a linear and
negative relationship between work and test scores whilst Mortimer et al (1992) conclude that
twelfth graders working less than 20 hours had signiﬁcantly higher grades compared to those
who worked 20 hours or more. Similar ﬁndings are produced by Steinberg et al (1982) and
Worley (1995) who argue that the number of hours worked per week has a signiﬁcant negative
impact on educational attainment.
It should be noted that some ﬁndings suggest that working few hours may be beneﬁcial
to educational attainment (D’Amico, 1984; Schill et al, 1985; Steel, 1991; Turner, 1994).
These studies ﬁnd that pupils working few hours per week are likely to have higher educational
achievement compared to those who work long hours or no hours at all. However, an essential
problem with the above ﬁndings is their failure to take into account the potential endogeneity
of working part-time during schooling.
In one of the ﬁrst papers to address such issue, Ehrenberg and Sherman (1987) acknowledge
the issue of endogeneity and argue that “[the previous literature] is not completely satisfactory
in that it fails to control for the possibilities that such employment is determined simultaneously
with choice of college...” (p. 2). Using an IV approach they ﬁnd that there does not appear to be
an adverse effect on grade point average from working part-time during college, though there
is a signiﬁcant adverse effect on the probability of staying-on in education. Lilydahl’s (1990)
study, using the 1987 National Assessment of Economic Education Survey was another early
adopter of two-stage least squares approach, also arguing that part-time work and educational
8attainment were likely to be simultaneously determined. Evidence by Ruhm (1997) suggests
that OLS estimates are likely to understate any effects of working part-time during schooling.
Relying on selection methods, he notes that the Mills coefﬁcient in his equations is positive and
signiﬁcant indicating that selection bias is taking place. Recent work by Eckstein and Wolpin
(1999), StinebricknerandStinebrickner(2003), DustmanandvanSoest(2007), Montmarquette
et al. (2007) and Rothstein (2007) continue to highlight the importance to take endogeneity into
account in order to recover the causal effect of part-work on educational attainment.
A number of previous papers also rely on the NELS:88 dataset to analyse the impact work-
ingpart-timehasoneducationalattainment. Singh(1998), usingastructuralequationapproach,
ﬁnds that working in grade 10 has a small detrimental effect on achievement in English, Read-
ing and Social Science when gender, socioeconomic status and previous attainment are con-
trolled for. Schoenhals, Tienda and Schneider (1998) also examine tenth grade achievement
using OLS regression, and argue that the much cited adverse effect of working part-time during
school on educational attainment is actually “(...)attributable to pre-existing differences among
youth who elect to work at various intensities”. Once such observable differences are taken
into account any signiﬁcant impact on educational attainment from working disappears. War-
ren, Lepore and Mare (2000) also ﬁnd little evidence that there is a relationship between long
or short term grades from working whilst in high-school.
Finally, Tyler (2003), also relying on the same dataset, ﬁnds opposite results compared to
the three previous studies. Using interstate variations in child labour laws as an instrument for
students’ labour supply, he ﬁnds signiﬁcant effects of part-time work on twelfth grade achieve-
ment and argues that OLS estimates severely underestimate the negative impact of working
part-time during schooling. His OLS results indicate that decreasing student work by 10 hours
per week would increase twelfth grade maths score by 0.03 of a standard deviation, for IV es-
timates this increases to 0.20 of standard deviation. Tyler concludes that if government policy
is to raise education standards, more restrictive child labour laws for individuals aged 16-17
ought to be considered.
Whilst we have only surveyed part of the literature it should be clear that the debate about
9the impact of working part-time during schooling on educational attainment is complex and
still not settled. Methodological advances such as sample selection procedures, IV estimation
and simultaneous equation modeling have meant that the validity of some of the earlier results
has been put to question. Furthermore, even the arguably most robust attempts to address the
endogeneity of part-time work decisions might not be valid. That is even the case of local
child labour laws, since they can be related to state-speciﬁc unobserved characteristics directly
affecting students’ achievement, such as school and teaching quality. The main contribution of
our paper lies in the identiﬁcation strategy we rely on, which does not need to instrument part-
time work decisions. Relying on the longitudinal nature of the NELS we employ, as proposed
byHeckman, Ichimura, SmithandTodd(1998), asemiparametricmatchingapproachcombined
with difference-in-differences in order to estimate the effect of part-time work during grade 12
on educational attainment. Such an identiﬁcation strategy allows us to address in a ﬂexible way
selection on both observables and unobservables associated with part-time work decisions in
order to estimate the causal effect of part-time work on achievement.
4 The model
In this section, we present a simple model in which educational attainment as well as part-time
work and the amount of time devoted to homework during high school are endogenous. This
theoretical framework enables to rationalize our reduced-form empirical strategy that will be
exposed later.
In the model, we assume that the student values his consumption C (throughout the aca-
demic year), his twelfth grade attainment S and time allocated to leisure Tl. Denoting by V
the value function of the student and by e V the component which is constant with respect to the
choice variables, we have:
V = V (Tl;S;C) + e V (2)
10Note that the model supposes that students gain utility from the educational attainment it-
self. This speciﬁcation is consistent with the Beckerian view, as it may result from expected
lifetime earnings: a higher achievement during twelfth grade leads to an expectation of getting
a higher degree, resulting therefore in higher expected earnings throughout lifetime. That may
also stem from the social gratiﬁcation directly resulting from academic achievement (consump-
tion value of schooling).
When entering twelfth grade, the student is assumed to choose simultaneously the amount
of time allocated respectively to part-time work (Tpt) and homework (Th). Assuming that the
total amount of time available outside of school (T) is the same for all students, the time con-
straint can be written as follows:
T = Th + Tpt + Tl (3)
The student rationally chooses the amount of time that he desires to devote to part-time
work (T 
pt) and homework (T 
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h deﬁned above can be seen as latent variables underlying Tobit models4. Assuming
the labour market is in equilibrium, the actual amount of time allocated by the student to part-
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4The latent variables T
pt and T
h can be respectively interpreted as the propensity to work part-time and to






h if T 
h > 0
0 otherwise
Attainment S during twelfth grade is assumed to result from an attainment production func-
tion  which positively depends on ability a, educational aspiration asp, time devoted to home-
work Th, labour supply Tpt and unobserved individual heterogeneity " in terms of academic
achievement :
S = (a;asp;Th;Tpt;") (5)
Therefore, we allow part-time work to have both an indirect negative effect (via the time con-
straint which implies that any additional time spent working while studying must lead ceteris
paribus to a reduction in the amount of time devoted to homework) and a direct positive effect
on attainment. The latter effect may result from skill accumulation : along with Holland and
Andre (1987), part-time working can lead to an acquisition in academically related skills and
knowledge, as well as desirable traits such as responsibility and maturity. Consequently, within












@Th are assumed to be positive.
Along with its effect on time allocation and attainment, part-time work also leads to a higher
level of consumption. The budget constraint faced by the twelfth grade student can be written
as :
pC = y + !Tpt (6)
Where p denotes the price of consumer good, y the parental ﬁnancial transfer (net of tuition
12fees) received by the student and ! the hourly wage earned when participating to the labour
market5





It stems from the individual program that the amount of time devoted to part-time work
(Tpt) and homework (Th) are functions of the following arguments :
Tpt = Tpt(a;asp;y;") (8)
Th = Th(a;asp;y;") (9)
Finally, the model can be used to derive a binary part-time work decision :
Part-time work during twelfth grade , T

pt(a;asp;y;") > 0 (10)
This binary choice is the object of the Probit model which is estimated in the empirical section.6
Note that this framework can also be used to take into account non linearities in the effect of
part-time work on educational attainment, as we can write :
Part-time work (more than k hours) , T

pt(a;asp;y;") > k (11)
Therefore, the model allows part-time work decisions to differ among students depending
on schooling ability, educational aspiration, parental ﬁnancial transfer and unobserved indi-
vidual heterogeneity. Hence, observable factors such as standardized test scores, educational
aspirations, parental income and number of siblings taken as a proxy for parental ﬁnancial
transfers will be included in the following estimations of part-time work decisions. Selection
5We assume that ! is constant among twelfth graders.
6The latent variable underlying the Probit model can be interpreted as the propensity to work part-time.
13on unobservables will be addressed by considering for each individual the difference in test
scores between grade 10 and grade 12, and then forming the difference between the treatment
(students working part-time during grade 12) and control (those not working during grade 12)
groups.
5 Data and descriptive statistics
The data used in this study are from the National Educational Longitudinal Study of 1988
(NELS:88) conducted by the U.S. National Center for Education Statistics. It is a nationally
representative sample of students who were eight graders in the base year of 1988. Further
follow up surveys were conducted in 1990 (tenth grade), 1992 (twelfth grade), 1994 and 2000,
giving a total of 5 waves. Making use of the “public use ﬁle 88/92” we have a total set of 27,394
cases. However, after restricting our analysis to those who are eligible and still in school by
grade 12 we are left with 16,663 observations. Missing values for gender reduce this to 15,747
and ﬁnally, dropping missing values for part-time work and test scores leaves us with 9,887
individuals.
The NELS:88 dataset contains a large amount of information about the students, their social
background, theirrelativesandfriends, thecharacteristicsoftheirschool, theirsuccessatschool
and their way of life. The longitudinal nature of the dataset gives a good opportunity to track
the behaviour of pupils and their success later on. Of special interest in our study is the fact that
the ﬁrst three waves of the survey include standardized test scores in four disciplines: Maths,
Sciences, History and Reading. These tests were taken at the time of the interview and make
it possible to follow the progression of students across time. Their standardization makes them
comparable both in the time and in the cross section dimensions. The dependent variables
for educational attainment in this study are the composite scores of Mathematics and Reading
tests7. This choice is motivated by the synthetic nature of this index which is likely to take into
7The composite score for reading is based on three different reading tests and for mathematics on ﬁve different
mathematics tests.
14Males Females
Frequency Percent Frequency Percent
Grade 8
Not Working 1,401 29.63 2,594 32.96
Working 0 to 10 hours 2,617 55.35 4,558 57.92
Working 11 to 20 hours 389 8.23 457 5.81
Working 21 or more hours 321 6.79 159 3.08
Grade 10
Not Working 1,817 38.43 2,563 49.68
Working 0 to 10 hours 904 19.12 1,015 19.67
Working 11 or more hours 899 19.01 858 16.63
Working 21 or more hours 1,108 23.43 723 14.01
Grade 12
Not Working 1,649 34.88 1,649 31.96
Working 0 to 10 hours 764 16.16 981 19.02
Working 11 or more hours 1,222 25.44 1,645 31.89
Working 21 or more hours 1,093 24.39 884 17.14
Total 4,728 100 5,159 100
Table 1: Sample proportions of the incidence of work for grades 8, 10 and 12
account the different ability required from the pupils to succeed in high school.
Furthermore, the NELS:88 survey has detailed questions about the part-time work be-
haviour of students with information about the intensity of work performed and the type of
occupation. We are able to track the amount of hours and occupation type worked in grades
8, 10 and 12 (see Table 1 for the change in hours according to schooling level). We ﬁnd that
the composition of occupation and hours changes signiﬁcantly over the different grades. For
example, we ﬁnd that in grade 8 approximately 70% of teenagers had a part-time job during
school (mostly working between 0-10 hours per week). However, by grade 10 only 62% of
males worked during school whilst only 51% of females worked. By grade 12 the proportions
changed to 65% of males working and to 68% of females working. What explains this sudden
dip of individuals working in grade 10? And why is the incidence of work highest in grade 8
when most of the literature states that the propensity to work increases with age?
The answer seems to lie in occupational type. Upon further investigation it appears that
the majority of work held by males in grade 8 is lawn work and newspaper routes (47% for
males working in grade 8). Females are predominantly occupied as babysitters (76% of all
working females). Furthermore, the hours worked associated with such types of occupation are
15typically low (mostly less than 4 hours per week). By grades 10 and 12 the incidence of lawn
work and babysitting drops dramatically (only 8% of working females still babysit and only 5%
of working males are occupied with lawn work) and shifts towards activities such as grocery
clerks, fast food workers and salespersonel. At the same time, the amount of hours worked with
such activities increases and most of the people holding a part-time job work 11 to 20 hours per
week during high school.
Moreover, examining transition matrices we ﬁnd that 57% of people who did not work in
grade 10 work during high school in grade 12, 48% of individuals increase their hours from
less than 10 hours in grade 10 to 11 hours or more, 40% of individuals who worked in grade 10
decide not to work in grade 12. No discernable pattern can be found in occupational changes
from grade 10 to 12.
The descriptive evidence therefore suggests that the decision to work during school is
rather complex. Working behaviour displays substantial differences when examined in dif-
ferent grades and occupations and whilst previous research has identiﬁed the importance of the
intensity of working within the working decision, our descriptives suggest that occupational
choices also matter.
Table 2 provides some descriptive evidence of the relationship between different forms of
part-time work and test scores in grade 12. Initial evidence suggests that there appears to
be little difference in Math and Reading scores, whether individuals worked part-time or not.
However, a pattern emerges when examining the progression from working few hours per week
to many hours per week. For both genders, individuals who work 0 to 10 hours per week have
higher average test scores than individuals who do not work or who work more than 10 hours
per week. As the intensity of work increases to 11 to 20 hours per week, test score between
those who work and do not work converge, with little difference between the mean test score
for those who work between 11 to 20 hours per week and those who do not. Mean test scores
are much lower for the individuals working more than 20 hours per week. These descriptives
support the general ﬁnding in the literature concerning the relationship between part-time work
and attainment. Those working relatively little appear to have higher test scores whilst those
16Males Females
Gr12 Math Score Gr12 Math Score Gr12 Math Score Gr12 Math Score
Yes No Yes No
Individuals who have ... Freq. Mean SD Freq. Mean SD Freq. Mean SD Freq. Mean SD
PTJ12y 3079 53.51 9.38 1649 54.14 10.41 3510 52.18 9.03 1649 52.47 10.04
PTJ12 and works 0 to 10 hours per week 764 55.95 9.41 3964 53.30 9.77 981 54.45 9.07 4178 51.76 9.36
PTJ12 and works 11 to 20 hours per week 1222 54.36 8.98 3506 53.51 10.01 1645 52.17 8.88 3514 52.32 9.58
PTJ12 and works 21 or more hours per week 1093 50.85 9.18 3635 54.59 9.76 884 49.67 8.58 4275 52.81 9.43
PTJ12 but does not
work as a babysitter, lawn or household worker 2905 53.47 9.37 1823 54.13 10.34 884 49.67 8.58 1984 52.49 9.87
PTJ12 but only
salespersons, fast food workers or grocery clerks 1317 53.98 9.10 3411 53.63 10.00 1873 52.10 8.81 3286 52.37 9.66
PTJ12 and increased their work hours from grade 10 1367 54.56 9.75 3361 53.39 9.74 1066 53.13 9.67 4093 52.05 9.27
Work weekends only in grade 12 642 55.39 9.51 4086 53.47 9.77 679 54.34 8.81 4480 51.96 9.40
Gr12 Reading Score Gr12 Reading Score Gr12 Reading Score Gr12 Reading Score
Yes No Yes No
Individuals who have ... Freq. Mean SD Freq. Mean SD Freq. Mean SD Freq. Mean SD
PTJ12 3079 51.69 9.44 1649 51.58 10.61 3510 53.36 8.74 1649 53.27 9.61
PTJ12 and works 0 to 10 hours per week 764 53.63 9.52 3964 51.27 9.88 981 55.36 8.72 4178 52.86 9.03
PTJ12 and works 11 to 20 hours per week 1222 52.42 9.11 3506 51.39 10.10 1645 53.47 8.49 3514 53.27 9.27
PTJ12 and works 21 or more hours per week 1093 49.53 9.34 3635 52.29 9.93 884 50.95 8.65 4275 53.83 9.03
PTJ12 but does not work as a
babysitter, lawn or household worker 2905 51.67 9.41 1823 51.63 10.55 3175 53.31 8.75 1984 53.38 9.45
PTJ12 but only
salespersons, fast food workers or grocery clerks 1317 52.29 9.02 3411 51.41 10.16 1873 53.30 8.46 3286 53.35 9.34
PTJ12 and increased their work hours from grade 10 1367 52.16 10.01 3361 51.45 9.80 1066 54.24 9.24 4093 53.10 8.96
Work weekends only in grade 12 642 52.78 9.92 4086 51.48 9.85 679 55.31 8.36 4480 53.03 9.09
y Part time job in grade 12
Table 2: Twelfth Grade Standardized Test Scores by type of part time job
working many hours per week have substantially lower test scores. Finally, examining different
forms of part-time work, we do not ﬁnd substantial differences by excluding those who work as
babysitters or garden workers or by examining only those in “mainstream” occupations (such
as fast food workers or grocery clerks).
6 Empirical analysis
6.1 Methods applied in recent studies and our contribution
Whilst early research into the effect of working on educational attainment paid little attention
to the endogeneity of working, recent literature revolves strongly around correctly accounting
for unobserved individual heterogeneity within part-time work decisions. Unobservables are
likely to drive the work decision, even when a multitude of explanatory factors are included in
the econometric framework. Eckstein and Wolpin (1999) adopt a structural approach and use
the Heckman-Singer method to control for unobserved individual heterogeneity and develop a
dynamic model of high school attendance and work decision. Other researchers such as Singh
(1998) and Warren et al (2000) use structural equation modeling to simultaneously estimate
17both the work decision and educational outcomes. Finally, Tyler (2003), Dustmann and van
Soest (2007) and Rothstein (2007) rely on instrumental variables procedures, while Stinebrick-
ner and Stinebrickner (2003) rely both on instrumental variables and ﬁxed effect estimates.
Identiﬁcation issue is crucial for all these studies, and as argued before, whether the sources of
variation of part-time work decisions recently exploited in the literature are truly exogenous is
questionable. In this paper, we propose an identiﬁcation strategy which does not rely on such
exogenous variations. We contribute to the existing literature by exploiting the panel aspect
of the NELS with a CDiD approach in order to control for selection associated with part-time
work decisions.
Since traditional regression methods typically use parametric speciﬁcations to account for
differences in observable characteristics between working students and non-working students,
they implicitly estimate the potential outcome in the non-working state as the ﬁtted value on
the regression functional. Such methods have now been criticized in the literature: parametric
regression models might not be ﬂexible enough to capture the true relationships and often rely
on arbitrary identiﬁcation assumptions, which allow the researcher to extrapolate into areas of
the regressors for which no observations are available and hide the lack-of-overlap (Heckman,
Lalonde and Smith (1999)). Unlike previous papers, our estimation of the work effect relies on
a semiparametric local linear matching approach combined with difference-in-differences that
relaxes the linearity restriction on observables.
6.2 Identiﬁcation issue
Theidentiﬁcationstrategyofthecausaleffectofworkingpart-timeduringtwelfthgradefollows
the framework developed by Roy (1951) and Rubin (1974). Calling Y T the outcome of a
working student, and Y C the outcome of a non-working student, this framework assumes that
a causal effect of working part-time relative to not working can be identiﬁed as an effect of
treatment-on-the-treated when comparing the results of working individuals (Y T) for which
we know their working status (D = 1) with the hypothetical situation of the same individuals
18if they had not worked (Y CjD = 1).
An outcome of non-working is counterfactual for part-time working students and cannot be
observed directly from the data. Given that the parameter of interest is the effect of part-time
work for the population choosing to work in grade 12, the average effect of treatment-on-the-
treated is given by the difference between observed and counterfactual outcomes
(12) E(Y TjD = 1)   E(Y CjD = 1)
The main problem consists of identifying E(Y CjD = 1). In principle, two alternative
approaches can be applied to identify the average counterfactual non-work outcome: relying
on the situation of working students before working part-time (before-after-comparison) or on
a control group consisting of persons who do not work.
 Since students are learning and develop with progressing time, the earlier outcome of a
part-time student is not a suitable control outcome to which we can contrast the effect
of part-time work. Hence, the before-and-after identifying assumption is bound to be
violated (denoting by t0 an earlier grade before working part-time and t1 a year when the
student is working part-time):
(13) E(Y Ct0jD = 1) 6= E(Y Ct1jD = 1)
 At the same time, workers and non-workers are likely to differ in characteristics inﬂu-
encing the outcome variable, and therefore we cannot identify the counterfactual with the
mean outcome of non-working individuals:
(14) E(Y CjD = 1) 6= E(Y CjD = 0)
In this paper,we rely on a matching approach combined with DiD in order to identify the
19causal effect of part-time work during grade 12 on educational attainment. Basically, matching
allows us to build a suitable non-workers control group while DiD allows to control for time
trends which are common across treatment and control groups.
6.3 Controlling for selection on observable characteristics : a matching
approach
6.3.1 Conditional Independence Assumption
The usual assumption required to estimate what would be the average outcome of working
individuals if they were no working is the Conditional Independence Assumption (CIA) which
implies that we can use the average outcome of the population of non-workers as long as there
exists a set of observable characteristics X such that:
(15) E(Y CjD = 1;X) = E(Y CjD = 0;X)
This condition indicates that the working group and the non-working group are comparable
conditional on X. In order to correct for selection bias based on observable characteristics
we implement a matching approach. Matching is widely used in the context of evaluation
studies to produce a comparison group that resembles the participating group with respect to
the observable characteristics. Under the CIA, the average effect of treatment-on-the-treated













where Y Ti is the outcome of a working student (i 2 fD = 1g), Y Cj the outcome for non-
working students (j 2 fD = 0g). Then, we estimate the counterfactual non-work outcome
20of a working individual by implementing a weight function w(i;j) in the sample of the non-
working students relative to the observable characteristics X of each individual i. This weight
function gives a higher weight to non-working students with high similarity to the X of the
local working student and a lower weight to persons with only low similarity in X. According
to this weight function, the non-work scores for each working student are estimated based on






In this paper, we apply kernel matching estimators with local linear regression, which is as
powerful as nearest neighbour estimators with respect to selection-on-observables bias, based
on experimental evidence (Heckman, Ichimura, Todd 1998).8 Kernel matching implements
weight functions for the whole sample of non-workers in order to construct the potential non-
workingoutcomeforanyworkingstudent. Theweightfunctionforthisestimatordown-weights
distant observations from the characteristics Xi of a local working student i (see Fan (1993)).
The potential outcome is estimated in a local linear regression at i on the basis of a weighted
average of all non-working individuals.
The weights depend on the deviation of observable characteristics (Xk   Xi) with a sum











where OLS minimizes with respect to m and  and h is a bandwidth parameter. The estimated
parameter b m then just represents the non-work outcome. The kernel function used in the paper
8The main reason for the use of kernel matching is the failure of Bootstrap techniques in order to obtain robust
inference when using nearest neighbour matching (see Abadie and Imbens 2006).


















Härdle (1990) concluded that the choice of the bandwidth - and not the choice of kernel
function - is crucial for the performance of the nonparametric ﬁt. The bandwidth determines
how fast the weights decrease as the distance from Xi increases and thus controls the smooth-
ness of the resulting estimate. There is no “golden rule of bandwidth selection”. Pagan and
Ullah (1999) discuss that if h is chosen high, the variance of the estimated parameters is quite
low as a large number of points are used for the estimation. A small bandwidth h gives fragile
density estimates and locally, only few points are included in the estimation, so that the vari-
ance increases, but less bias is produced. The trade-off between variance and bias is especially
important in our application because selection bias is to be minimised. Thus, we should rather
tend to an under smoothing than to have a too high value of h. An option quite often used is
the application of Silverman’s Rule of Thumb (ROT). As an optimal bandwidth selection for a
Gaussian kernel, Silverman (1986) gives the following recommendation, on which we rely in
the paper
(20) hROT = 0:9A  n
 1=5
where hROT is the selected bandwidth and A = min(std;iqr=1:34), std the standard devi-
ation, iqr the interquartile range of the sample, and n is the total sample size.
6.3.3 Implementing Propensity Score Matching
Consider X to consist of a vector of many observable characteristics. Then a disadvantage of
matching is the “curse-of-dimensionality” with respect to all dimensions of X. Therefore, this
paper follows the result of Rosenbaum and Rubin (1983) that the CIA in equation (16) also
holds with respect to the probability of working during grade 12 (propensity score) P(X) as a
22function of the observable characteristics X, i.e.
(21) E(Y CjD = 1;P(X)) = E(Y CjD = 0;P(X))
The propensity score allows a matching based on a one-dimensional probability. This
dimension-reduction diminishes the problem of ﬁnding adequate matches and the problem of
empty cells. However, propensity matching comes at the costs that the propensity score has to
be estimated itself9.
We estimate the propensity score as a parametric probit model following the standard ap-
proach used in the literature. The probit model of the propensity score estimates the probability
of working during grade 12 depending on observable covariates. In this model, the decision to
work during grade 12 depends on a number of observable characteristics that can be observed
for both groups.
These covariates should ideally include all important variables inﬂuencing the individual
decision to work or not during grade 12. Fortunately, we are able to access from the NELS
dataset an unusually rich set of observable characteristics which are likely to affect the em-
ployment status of twelfth graders. Table A (in appendix) provides descriptive statistics for the
covariates used in estimating the propensity score. The set of conditioning variables includes
standard individual, socio-economic, family background, school level and regional variables as
outlined in the literature (Lillydahl, 1990; Schoenhals et al, 1998; Tyler, 2003; Warren et al,
2000), as well as information on parental education expenditures, school problems including
absenteeism, conﬂicts, alcohol and drugs issues and ﬁnally students’ educational aspirations at
grade 8.
The results of the probit estimates, according to gender, for the propensity score associated
with working part-time during grade 1210 are reported in Table B (in appendix)11.
9Note that we use a bootstrap estimator, with 200 replications, for the standard errors of the estimated treatment
effects in order to capture the estimation error in the propensity score.
10Additional probit results associated with other part-time work deﬁnitions are available upon request.
11As detailed hereafter, for balancing reasons the estimations of the propensity score as well as the treatment
effects are stratiﬁed by gender.
23Propensity score matching can only be successful concerning the conditioning on observ-
able characteristics if the estimated propensity scores of working students and non-working
students overlap sufﬁciently. We implement a common support requirement which led to the
discarding of three cases who were outside the common support region. Finally, after match-
ing, all observable characteristics should be balanced between working students and matched
comparison observations. We formally test on the signiﬁcance of differences in observable
characteristics between the sample of working students and the matched control outcomes us-
ing t-tests. If the means of the two groups are statistically different from each other with
respect to the observable X, the t-test will indicate a failure of the matching. Results indicate
that propensity score matching was successful in balancing all observed covariates between
workers and matched controls. The only exception was for the variable gender. We therefore
decide to stratify the estimations by gender and report both male and female results.12
6.4 Controlling for unobservable individual characteristics
Most econometric literature makes use of the assumption that selection bias due to observ-
able characteristics and selection bias due to unobservable characteristics can be considered
separately (Heckman, Ichimura and Todd 1998). While matching estimators as well as other
solutions on selection bias due to observable characteristics cope with the inﬂuence of mea-
sured variables on the participation decision, selection bias due to unobservable characteristics
has to be dealt with differently.
To account for selection of unobservables, the empirical literature has pursued various
strategies, in particular difference-in-difference estimators (see Heckman, LaLonde and Smith,
1999). Such an approach requires panel data and builds on the assumption of time-invariant lin-
ear selection effects. This estimator extends simple before-after comparisons to determine the
treatment effect based on the presumption that the outcome variable can also change over time
due to reasons unrelated to the decision to work. Here, following Heckman, Ichimura, Smith
12We are happy to provide additional detail regarding the balancing properties on request.
24and Todd (1998), we implement a conditional difference-in-differences estimator (CDiD). This
method combines a propensity score matching approach with DiD such that, at each period,
a counterfactual outcome for the working students at grade 12 if they were not working is
estimated semiparametrically. This technique presents both the advantage to relax the linear
assumption when controlling for observables relative to standard DiD and to control for unob-
servables exploiting the panel dimension of the data. Besides, Smith and Todd (2005) shows
that the difference-in-differences matching estimator performs the best among nonexperimental
matching based estimators.
The CDiD estimator is based on the assumption that treated and non-treated do not have
different time trend relative to their outcomes. In the case of different time trends, the estimated
effect of the treatment using a CDiD estimator will be biased due to unobservable differences
in group dynamics. Typically, a preprogramme test looking at the evolution of the outcomes
between grades 8 and 10 would already show a difference in the evolution of the scores of the
group of the treated and the untreated before the treatment (i.e. working part-time in grade 12)
even occurred. In order to allow differential time trends between treated and non-treated, we
also implement a matching approach combined with the difference-in-difference-in-differences
estimator (DiDiD)13. The latter approach is more robust as it allows to recover the average
treatment effect on the treated under more general conditions.
6.4.1 Conditional difference-in-differences in matched samples
For a treatment which takes place between two periods t and t0 with t > t0, the required identi-
fying assumption for the CDiD estimator can be represented by an assumption weaker than the
equations (15) and (21) (Heckman, Ichimura, Smith and Todd (1998)):
(22) E(Y Ct   Y Ct0jD = 1;P(X)) = E(Y Ct   Y Ct0jD = 0;P(X))
13The DiDiD approach is used on the same dataset by Sanz-de-Galdeano and Vuri (2007) in order to estimate
the effect of parental divorce on teenagers’ cognitive development. Relative to theirs, our estimation procedure
relaxes the linear functional form restrictions on observables thanks to the local linear matching approach.
25Where Y Ct denotes the outcome of an untreated individual at period t.
In the following, we model the conditional difference-in-differences estimator within a regres-
sion framework. The implementation of this model requires matched samples of working stu-
dents14 and the estimated counterfactual non-working outcomes for this population for two or
more consecutive points in time. The NELS panel data provide information about test scores in
Mathematics and Reading for three grades (8, 10 and 12) and allow an appropriate implemen-
tation of this identiﬁcation strategy. We adopt the following notations:
Yi;t is the outcome of interest (test score in Mathematics or Reading) for student i at period t
Di;s 2 f0;1g is a treatment dummy variable such that for all i and all s < 1992, Di;s = 0,
and Di;1992 = 1 if student i is working part-time during grade 12
The conditional difference-in-differences approach assumes that working students can be
observed for at least two periods (s 2 ft0;tg, with t0 < t) and that there are matched outcomes
of students not working during grade 12 which are observed in these two periods. In the fol-
lowing, we rely on the formulation of the DiD framework proposed by Ashenfelter and Card
(1985). Let us suppose that Yi;t is generated by a components of variance process15:
(23) Yi;t = i + t + Di;t + "i;t
where t is a time-speciﬁc component,  represents the effect of part-time work during
grade 12, i is an individual-speciﬁc component representing unobserved heterogeneity in
terms of attainment. Hereafter, we will denote by  the time trend 1992   1990
16. Finally,
"i;t is an idiosyncratic shock with mean zero which is supposed to be serially uncorrelated.
In the ﬁrst period t0 = 1990 we observe the following:
14Henceforth, individuals holding a part-time job during grade 12 will be simply referred to as “working”
students.
15In the following, we will denote by Y Ti;t(resp.Y Cj;t) the outcome for the working student i at period t (resp.
for the non-working student j at period t).
16Without loss of generality, we impose 1990 = 0.
26Yi;1990 = i + "i;1990
Second, at the end of grade 12 in period t = 1992 we observe the base effect of grade 10
and additionally an effect of working in grade 12. For the second period, the model shows:
Yi;1992 = i +  + Di;1992 + "i;1992
A central assumption underlying this model is that both groups (working students and
matched non-working students) show the same general movement  in their test scores over
time. Thisrestrictionwillberelaxedlaterbyrelyingonadifference-in-difference-in-differences
framework.
Under the DiD identifying assumption under which, in absence of part-time work during
grade 12, the average outcome for the treated would have experienced the same variation as
the average outcome for the untreated (conditional on the covariates)17, the average effect of
the treatment-on-the-treated  can be estimated consistently by the difference-in-differences in




















6.4.2 Adjusting for possible differences in time trends
We also implement a difference-in-difference-in-differences estimator (DiDiD) with local lin-
ear matching which relies on a weaker identifying assumption. Unlike the CDiD estimator, it is
robust to potential differences in outcome trends between treated and untreated as long as these
trends are stable over time.
With a DiDiD approach, both outcomes can now follow group speciﬁc trends over time.
Therefore, the DiDiD model has less restricted assumptions about the difference between work-
17This is known as the parallel trend assumption.
27ers and matched non-workers, allowing for differences in the development over time. The use
of a DiDiD model is justiﬁed in the context of education because the hypothesis of parallel time
trend may be too strong. In the education process, pupils go through an accumulation of knowl-
edge. Arguably, pupils differ not only in terms of level of success but also in terms of ability
to progress through time. For this reason, one may consider that the parallel trend assumption
must be relaxed to make sure that the results are not biased by the fact that pupils working part
time and pupil not working part time differ in unobservable characteristics correlated with their
ability to progress at school.
We implement this DiDiD estimator, controlling for observable characteristics semipara-
metrically by propensity score matching following the same approach as for the CDiD18. The
required identifying assumption is now weaker than the condition (22). Supposing the treat-
ment takes place between periods t and t0, with t > t0 > t00, it is given by:
(25)
E((Y Ct Y Ct0) (Y Ct0 Y Ct00)jD = 1;P(X)) = E((Y Ct Y Ct0) (Y Ct0 Y Ct00)jD = 0;P(X))
The average effect of the treatment on the treated in the CDiDiD model will be identiﬁed as
the change after the treatment in the trend of progression for the outcome of the treated (relative
to the matched untreated).
The modeling of the DiDiD model requires three time periods, and we make use of infor-
mation for grade 8, 10 and 12 available from the NELS data. As before, we consider matched
samples between working and non-working students in three periods, so that
s 2 ft = 1992;t
0 = 1990;t
00 = 1988g
Let us suppose that Yi;t, the test score for individual i at period t, is generated by an aug-
mented components of variance process which relaxes the assumption of identical time-speciﬁc
component by allowing for different time trends between the groups of treated and untreated
18In the following we refer to this as the CDiDiD estimator, exploiting the analogy with the CDiD approach.
28individuals:
Yi;t = i + ~ i;t + Di;t + "i;t
Unlike the preceding DiD framework, this model allows outcome trends to vary according
to the treatment status: ~ i;1992   ~ i;1990 = ~ i;1990   ~ i;1988   + TDi;1992. In the ﬁrst
period (grade 8) workers and matched controls should show the following outcome on their test
scores19:
Yi;1988 = i + "i;1988
Inthesecondperiodbeforetheworkeffectofgrade12, i.e. ingrade10, themodelallowsthe
estimationofasecondpreprogrammeresultofworkingpart-time. UnliketheCDiDframework,
this outcome might be different not only because of the common trend , but also because of a
possible differential trend that affects working students and matched controls differently:
Yi;1990 = i +  + TDi;1992 + "i;1990
The DiDiD approach allows to recover the average treatment effect of the treated even if
there is a differential trend for the working group, here denoted by T. This is intuitively due
to the fact that, as long as they are stable over time, the group-speciﬁc trends cancels out when
forming, for each student i, the difference between Yit  Yit0 and Yit0  Yit00. In the third period,
i.e. in grade 12, the model ﬁnally shows the outcome of the treatment, the common trend and
the differential trend as well as the individual-speciﬁc component:
Yi;1992 = i + 2 + 2TDi;1992 + Di;1992 + "i;1992
The parameter  shows the differential effect in the third period revealing a treatment effect
free from common and differential trends as well as individual-speciﬁc components.
19Without loss of generality, we impose ~ i;1988 = 0 for the ﬁrst period.
29Finally, undertheidentifyingassumption(25)statedabove, theaverageeffectofthetreatment-
on-the-treated  can be estimated consistently by the difference-in-difference-in-differences in
means between working students and matched controls. The expression of the estimator can be
straightforwardly obtained by transposing the preceding expression of the CDiD estimator to a
DiDiD framework.
7 Results
The propensity score matching proved to be successful for the different deﬁnitions of the part
time job treatment variable that we studied. Table 3 shows that the goodness of ﬁt of the probit
is rather good, on average they predict correctly the treatment status in 75% of the case.
In addition, our propensity scores show a large common support which is important in order
for the propensity score approach to be valid (Smith and Todd, 2005). To deﬁne the common
support region we trimmed observations with no overlap between the two propensity scores.
Given the very good overlap this led to only discarding three observations. As Bryson et al.
(2002) indicate, the common support restriction is not a problem when only few observations
have to be discarded. This is illustrated below in Figure 1, which reports the kernel density
estimates of the propensity scores for working and non-working students, according to gender.
Figure 1: Common support of the propensity scores




working in gr. 10
Male Female Male Female
Def. 1: Part time job in grade 12 (PTJ G12) 68.28% 71.53% 73.03% 78.81%
Def. 2: PTJ G12 (0 to 10 hours) 83.84% 81.02% 76.62% 83.81%
Def. 3: PTJ G12 (11 to 20 hours) 74.30% 68.09% 75.72% 68.80%
Def. 4: PTJ G12 (21 or more hours) 76.90% 82.65% 82.72% 75.68%
Def. 5: PTJ G12 (no family related work) 65.99% 65.73% 69.03% 77.35%
Def. 6: PTJ G12 (commercial work) 72.40% 64.72% 75.90% 68.70%
Def. 7: PTJ G12 (increasing number of hours) 71.38% 79.43% 73.03% 67.94%
Def. 8: PTJ G12 (working week-ends only) 86.38% 86.80% 81.28% 84.05%
Table 3: Goodness of ﬁt for propensity score probits
and occupation), where part-time working individuals during grade 12 (the treatment group)
are compared to non-working individuals (the control group). We include OLS estimates as a
benchmark in each table. They correspond to the effect of part time work estimated by linear
regression when controlling for all the variables included in the propensity score. Estimates in
Tables 4 and 5 assume that working in grade 12 could have effect on test scores in grade 12,
regardless of work status in previous years. In other words, working in grade 12 is a separate
and independent treatment which can only occur in grade 12. Alternatively, if one assumes that
working per se is the actual treatment of interest, rather than working in grade 12, it appears
necessarytoconditionontheprecedingworkingstatus. Wethereforealsoconditiontheanalysis
on not having worked in grade 10. These results are presented in Tables 6 and 7.
Table 4 presents the results for working in grade 12. Simple propensity score matching dif-
ferences and OLS results suggest that females who hold a part-time job in grade 12 experience
a statistically signiﬁcant negative effect on standardized Math scores. However, this effect is
fairly small. Being female and working in grade 12 is associated with a lower test score by
-0.46 points for the propensity score matching estimation and -0.36 points for the OLS estima-
tion. Working in grade 12 does not appear to result in a lower reading score for females. For
males we ﬁnd that working in grade 12 is associated with a higher reading score of 0.42 test
score points for the propensity score estimation and 0.55 for the OLS estimation. There is no
31signiﬁcant effect on math score for males.
Such results are interesting as they suggest differential effects of working during school
not just by gender, but also by subject. However, examining the conditional difference-in-
differences estimates we ﬁnd that all coefﬁcients now become statistically insigniﬁcant. Sim-
ilarly, the CDiDiD model gives non signiﬁcant results. This suggest that once we control for
unobservable time invariant characteristics, all effects of working part-time disappear. Hence
previous estimates, whilst controlling for observable characteristics, failed to take into account
unobserved heterogeneity among individuals and as such, prescribed a spurious treatment ef-
fect to working. Once controlled for, any effect of working in grade 12 disappears, suggesting
that working in grade 12 has no signiﬁcant causal impact on educational attainment. Whilst we
offer different deﬁnitions of working in grade 12, this is a story which repeats itself throughout
the results and can be taken as the main result from this analysis.
Continuing to examine Table 4 for differences in the amount of hours worked per week in
grade 12, we ﬁnd that OLS estimates yield small positive effects from working 0 to 10 hours
per week for both males and females (a result commonly found in the literature). However,
propensity score matching estimates increase the standard error (and for males reduce the point
estimates) of these estimates which reduces them to insigniﬁcance. Working 10 to 20 hours
per week has no effect on females for any estimation procedure20 whilst we estimate a posi-
tive association with male reading scores in the OLS and propensity score matching analysis
(estimates of 0.60 and 0.67 respectively). Such results could suggest that men experience the
positive beneﬁts of working during school at a higher level of hours worked. However, work-
ing many hours per week (21 hours or more) has a signiﬁcant negative impact on female maths
and reading scores for both OLS and propensity score matching estimates (with estimates be-
tween -0.68 and -0.88). There is also some negative effect on male Math scores for the OLS
and propensity score matching estimates (with estimates between -0.50 and -0.68) whilst the
previous positive effect on reading test scores disappears into statistical insigniﬁcance.
Using OLS and propensity score matching only, the above results would highlight a story
20This may be due to the inﬂection point occurring somewhere in this region.
32which appears to be similar to general ﬁndings in much of the previous literature – namely the
inverted ‘u-shaped’ return, in terms of educational attainment, to working during school (albeit
interesting differences by gender and subject type exist). However, all conditional DiD and Di-
DiD estimates reduce the point estimates and yield statistical insigniﬁcance of the results. This
suggests that the previous pattern found in the literature on the effect of high school employ-
ment on test scores is most likely to be due to selection on unobservables21 related to part-time
work decisions.
Is is noteworthy that, relatively to the previous work of Tyler (2003) on the same dataset,
the non signiﬁcance of our results is not only driven by higher standard errors of our estimates.
Indeed, in his article Tyler found a negative effect of around 0.20 per hour of part time work
on Maths and Reading scores in grade 12. In comparison our point estimates are suggesting a
much lower hourly effect: the estimated effect of working more than 21 hours is for instance
always below 1, which is consistent with an hourly effect below 0.05.
Turning to Table 5, where we examine different forms of occupation and weekend work,
we ﬁnd once again that none of the conditional DiD and DiDiD estimates are statistically sig-
niﬁcant. Whilst there is some suggestion in the OLS and propensity score matching estimates
that working in the “mainstream” work categories (grocery clerk, fast food and salespersons) is
slightly detrimental for women, with respect to Reading test scores, and slightly beneﬁcial for
males, difference-in-differences estimates suggest that such signiﬁcant results can be explained
away by considering previous test score movements.
Examining Table 6 and 7, where we condition on not having worked part-time in grade 10,
we ﬁnd that, generally speaking, most of the estimates are very similar to the previous results
where we do not condition on previous work experience. Matching simple differences and OLS
suggest that females now experience a higher detrimental effect on reading and math scores
from working more than 21 hours (-1.61 and -1.05 respectively for the matching estimates).
However, like the previous estimates, no signiﬁcance is detected in the conditional DiD as well
21Besides, given that both cDiD and cDiDiD yield insigniﬁcant estimates, our results also suggest that the
signiﬁcant effects which are found when controlling for selection on observables are due to selection on time-
invariant unobservable characteristics.
33Part-time work effect, job deﬁnition 1 Part-time work effect, job deﬁnition 3
Anyone who has a part-time job in grade 12 Anyone who has a part-time job in grade 12
and works 11 to 20 hours per week
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS -0.36 0.15 0.02 0.05 0.17 0.75 Math, OLS -0.14 0.14 0.33 0.34y 0.18 0.06
Read, OLS -0.14 0.17 0.55 0.55 0.21 0.01 Read, OLS 0.14 0.17 0.41 0.60 0.222 0.01
Math, PMatch -0.46 0.16 0.00 -0.13 0.17 0.46 Math, PMatch -0.34 0.24 0.15 0.16 0.27 0.55
Read, PMatch -0.19 0.15 0.21 0.42 0.17 0.01 Read, PMatch -0.09 0.22 0.71 0.67 0.28 0.02
Math, DID -0.29 0.22 0.20 -0.13 0.24 0.60 Math, DID -0.22 0.33 0.50 0.06 0.39 0.88
Read, DID -0.29 0.22 0.19 0.22 0.24 0.35 Read, DID -0.02 0.32 0.95 0.42 0.40 0.28
Math, DIDID -0.35 0.40 0.38 -0.17 0.43 0.68 Math, DIDID -0.29 0.59 0.62 0.02 0.69 0.98
Read, DIDID -0.49 0.39 0.21 -0.08 0.42 0.85 Read, DIDID 0.05 0.57 0.93 0.10 0.69 0.89
Part-time work effect, job deﬁnition 2 Part-time work effect, job deﬁnition 4
Anyone who has a part-time job in grade 12
and works 0 to 10 hours per week
Anyone who has a part-time job in grade 12
and works 21 or more hours per week
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS 0.34 0.17 0.04 0.47 0.21 0.02 Math, OLS -0.68 0.18 0.00 -0.68 0.19 0.00
Read, OLS 0.37y 0.20 0.06 0.36 0.26 0.17 Read, OLS -0.82 0.21 0.04 -0.24 0.23 0.30
Math, PMatch 0.26 0.38 0.49 0.01 0.32 0.97 Math, PMatch -0.70 0.31 0.02 -0.50y 0.29 0.09
Read, PMatch 0.44 0.38 0.24 0.05 0.31 0.87 Read, PMatch -0.88 0.31 0.00 0.32 0.29 0.28
Math, DID -0.08 0.53 0.88 -0.01 0.46 0.99 Math, DID -0.35 0.44 0.42 -0.35 0.42 0.40
Read, DID -0.11 0.53 0.84 -0.21 0.44 0.63 Read, DID -0.97 0.65 0.14 0.27 0.41 0.52
Math, DIDID -0.39 0.95 0.68 0.08 0.82 0.93 Math, DIDID 0.06 0.77 0.94 -0.25 0.73 0.73
Read, DIDID -0.67 0.93 0.47 -0.47 0.79 0.56 Read, DIDID -0.96 0.77 0.21 0.01 0.72 0.99
Signiﬁcant at: y 10%,  5%,  1%.
Table 4: Estimation of the effect of part time work unconditional on working in grade 10:
decomposition by hours
as DiDiD estimates, suggesting again that once controlling for selection on observables and
unobservables, any effect of working part-time during grade 12 on standardized test scores
disappears.
34Part-time work effect, job deﬁnition 5 Part-time work effect, job deﬁnition 7
Anyone who has a part-time job in grade 12
but does not work as a babysitter, lawn or household worker
Only those who have a part-time job in grade 12
and increased their work hours from grade 10
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS -0.35 0.14 0.01 0.11 0.16 0.52 Math, OLS -0.07 0.16 0.69 0.05 0.17 0.78
Read, OLS -0.16 0.16 0.33 0.60 0.20 0.00 Read, OLS -0.23 0.20 0.22 -0.33 0.22 0.13
Math, PMatch -0.46 0.17 0.01 -0.11 0.17 0.53 Math, PMatch -0.69 0.33 0.03 0.06 0.29 0.83
Read, PMatch -0.31 0.16 0.05 0.43 0.17 0.01 Read, PMatch -0.23 0.31 0.46 -0.10 0.30 0.74
Math, DID -0.19 0.24 0.42 -0.10 0.25 0.68 Math, DID -0.39 0.46 0.40 -0.31 0.42 0.46
Read, DID -0.25 0.23 0.28 0.22 0.25 0.38 Read, DID -0.09 0.44 0.84 -0.50 0.43 0.25
Math, DIDID -0.14 0.42 0.74 -0.15 0.44 0.74 Math, DIDID -0.22 0.82 0.79 -0.74 0.74 0.32
Read, DIDID -0.32 0.41 0.44 -0.09 0.43 0.84 Read, DIDID -0.15 0.79 0.85 -1.12 0.74 0.13
Part-time work effect, job deﬁnition 6 Part-time work effect, job deﬁnition 8
Only those who have a part-time job in grade 12
and are salespersons, fast food workers or grocery clerks Only those who work weekends only in grade 12
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS 0.52 0.14 0.71 0.47 0.17 0.01 Math, OLS 0.29 0.19 0.13 0.34 0.22 0.13
Read, OLS -0.05 0.17 0.78 0.92 0.22 0.00 Read, OLS 0.38y 0.23 0.10 0.17 0.28 0.54
Math, PMatch -0.33 0.22 0.13 0.17 0.27 0.52 Math, PMatch -0.10 0.38 0.79 0.15 0.41 0.71
Read, PMatch -0.36y 0.21 0.09 0.81 0.26 0.00 Read, PMatch 0.15 0.36 0.68 0.43 0.41 0.30
Math, DID -0.21 0.31 0.50 -0.05 0.38 0.89 Math, DID 0.12 0.54 0.82 -0.07 0.57 0.91
Read, DID -0.31 0.30 0.30 0.10 0.38 0.80 Read, DID -0.24 0.52 0.65 -0.27 0.58 0.65
Math, DIDID -0.25 0.55 0.65 -0.33 0.67 0.62 Math, DIDID 0.30 0.98 0.76 -0.24 1.02 0.81
Read, DIDID -0.36 0.54 0.51 -0.71 0.66 0.28 Read, DIDID -0.69 0.93 0.46 -1.02 1.01 0.32
Signiﬁcant at: y 10%,  5%,  1%.
Table 5: Estimation of the effect of part time work unconditional on working in grade 10:
decomposition by type of work
Part-time work effect, job deﬁnition 1 Part-time work effect, job deﬁnition 3
Anyone who has a part-time job in grade 12 Anyone who has a part-time job in grade 12
and works 11 to 20 hours per week
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS -0.47 0.20 0.02 -0.09 0.26 0.72 Math, OLS -0.32 0.21 0.14 -0.26 0.32 0.42
Read, OLS -0.17 0.24 0.47 0.31 0.32 0.34 Read, OLS -0.07 0.26 0.78 0.38 0.40 0.34
Math, PMatch -0.54 0.23 0.02 -0.40 0.28 0.15 Math, PMatch -0.44 0.35 0.21 -0.30 0.47 0.53
Read, PMatch -0.31 0.22 0.16 -0.28 0.28 0.32 Read, PMatch -0.11 0.34 0.75 -0.04 0.48 0.94
Math, DID -0.33 0.32 0.32 -0.19 0.40 0.63 Math, DID -0.49 0.49 0.32 -0.13 0.67 0.84
Read, DID -0.33 0.32 0.30 -0.06 0.40 0.88 Read, DID -0.16 0.48 0.74 -0.18 0.68 0.80
Math, DIDID -0.17 0.57 0.77 -0.08 0.69 0.90 Math, DIDID -0.51 0.87 0.56 -0.05 1.16 0.97
Read, DIDID -0.37 0.56 0.51 -0.10 0.69 0.88 Read, DIDID -0.07 0.85 0.94 -0.54 1.18 0.65
Part-time work effect, job deﬁnition 2 Part-time work effect job deﬁnition 4
Anyone who has a part-time job in grade 12
and works 0 to 10 hours per week
Anyone who has a part-time job in grade 12
and works 21 or more hours per week
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS 0.38 0.25 0.12 0.40 0.36 0.27 Math, OLS -0.85 0.27 0.00 -0.21 0.33 0.53
Read, OLS 0.27 0.30 0.04 0.04 0.46 0.94 Read, OLS -0.54 0.33 0.11 0.06 0.42 0.88
Math, PMatch -0.23 0.45 0.62 -0.03 0.58 0.96 Math, PMatch -1.61 0.45 0.00 -0.38 0.50 0.44
Read, PMatch -0.19 0.44 0.67 -0.30 0.59 0.62 Read, PMatch -1.05 0.45 0.02 0.20 0.50 0.69
Math, DID -0.13 0.65 0.85 -0.25 0.83 0.77 Math, DID -0.54 0.64 0.40 -0.28 0.71 0.70
Read, DID -0.10 0.63 0.88 -0.61 0.84 0.47 Read, DID -0.96 0.65 0.14 0.29 0.70 0.68
Math, DIDID -0.09 1.16 0.94 -0.42 1.48 0.77 Math, DIDID -0.03 1.11 0.98 -0.23 1.22 0.85
Read, DIDID -0.09 1.13 0.94 -0.98 1.47 0.50 Read, DIDID -1.34 1.13 0.24 0.21 1.20 0.86
Signiﬁcant at: y 10%,  5%,  1%.
Table 6: Estimation of the effect of part time work conditional on not working in grade 10:
decomposition by hours
35Part-time work effect, job deﬁnition 5 Part-time work effect, job deﬁnition 7
Anyone who has a part-time job in grade 12
but does not work as a babysitter, lawn or household worker
Only those who have a part-time job in grade 12
and increased their work hours from grade 10
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS -0.45 0.19 0.02 -0.04 0.26 0.88 Math, OLS -0.47 0.20 0.02 -0.09 0.26 0.72
Read, OLS -0.17 0.24 0.47 0.24 0.33 0.46 Read, OLS -0.17 0.24 0.47 0.31 0.32 0.34
Math, PMatch -0.55 0.24 0.02 -0.42 0.29 0.14 Math, PMatch -0.54 0.23 0.02 -0.40 0.28 0.15
Read, PMatch -0.31 0.23 0.19 -0.29 0.29 0.32 Read, PMatch -0.31 0.22 0.02 -0.28 0.40 0.63
Math, DID -0.36 0.34 0.29 -0.17 0.41 0.67 Math, DID -0.33 0.32 0.32 -0.19 0.40 0.63
Read, DID 0.10 0.35 0.77 -0.05 0.41 0.89 Read, DID -0.33 0.32 0.30 -0.06. 0.40 0.88
Math, DIDID -0.21 0.60 0.72 -0.05 0.71 0.95 Math, DIDID -0.17 0.57 0.77 -0.08 0.69 0.90
Read, DIDID -0.48 0.59 0.41 -0.08 0.70 0.90 Read, DIDID -0.37 0.56 0.51 -0.10 0.69 0.88
Part-time work effect, job deﬁnition 6 Part-time work effect, job deﬁnition 8
Only those who have a part-time job in grade 12
and are salespersons, fast food workers or grocery clerks Only those who work weekends only in grade 12
Evaluation outcomes Evaluation outcomes
Females Males Females Males
Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign. Coef. S.E. Sign.
Math, OLS -0.34 0.21 0.10 0.36 0.30 0.24 Math, OLS 0.25 0.30 0.40 0.14 0.43 0.74
Read, OLS 0.14 0.25 0.57 0.57 0.38 0.13 Read, OLS 0.70 0.36 0.05 0.71 0.53 0.18
Math, PMatch -0.28 0.32 0.38 -0.15 0.44 0.73 Math, PMatch -0.22 0.57 0.70 -0.66 0.69 0.33
Read, PMatch 0.17 0.31 0.58 -0.03 0.45 0.94 Read, PMatch 0.27 0.52 0.61 0.07 0.70 0.92
Math, DID -0.57 0.45 0.21 -0.16 0.63 0.80 Math, DID 0.02 0.81 0.98 -0.53 0.96 0.58
Read, DID 0.06 0.46 0.90 -0.26 0.64 0.69 Read, DID 0.18 0.82 0.83 -0.86 0.99 0.38
Math, DIDID -0.46 0.80 0.57 -0.31 1.09 0.78 Math, DIDID 0.26 1.45 0.86 -0.77 1.70 0.65
Read, DIDID -0.45 0.78 0.57 -0.88 1.11 0.43 Read, DIDID -0.14 1.37 0.92 -1.98 1.72 0.25
Signiﬁcant at: y 10%,  5%,  1%.
By deﬁnition results for job deﬁnition 7 are the same as for job deﬁnition 1
Table 7: Estimation of the effect of part time work conditional on not working in grade 10:
decomposition by type of work
8 Conclusion
In this paper we contribute to the literature regarding the effect of working while studying by
employing a semiparametric propensity score matching approach combined with difference-
in-differences in order to address in a ﬂexible way selection on observables as well as unob-
servables associated with part-time work decisions during grade 12. Unlike most of previous
attempts to control for the endogeneity of part-time work status our approach does not consist
in ﬁnding an instrument, whose validity is often questionable, for part-time work decisions.
Our identiﬁcation strategy takes advantage of the longitudinal nature of the NELS:88 as well
as its unusual richness in terms of variables related to part-time work decisions and educational
outcomes, which is, as it is shown by Smith and Todd (2005), central for a matching-based
estimator to perform well. Results indicate that, once selection is controlled for, we ﬁnd no
signiﬁcant evidence of working during grade 12 affecting mathematics or reading test scores.
In line with most of the recent papers estimating the impact of part-time work on educa-
tional attainment, our analysis suggests that OLS results are biased because of a selection on
unobservables. While some positive effect of a small amount of part time work and a detrimen-
36tal effect of a large amount of part time work can be found when controlling for differences
in observable characteristic, no signiﬁcant effect remains when we also control for differences
in unobservable characteristics using conditional difference-in-differences and difference-in-
difference-in-differences. This suggests that the signiﬁcant associations initially estimated be-
tween part-time work during grade 12 and standardized test scores are actually due to selection
on unobservables. Typically, pupils choosing to take on a small amount of part time work
tend to have unobserved characteristics linked with better academic achievement while pupils
choosing to take on a large amount of part time work tend to have unobserved characteristics
linked with lower academic achievement22.
In conclusion, we ﬁnd that the causal effect on educational attainment of working during
grade 12 in high school is negligibly small. Furthermore we ﬁnd no evidence of different job
types signiﬁcantly inﬂuencing reading and mathematics score. The fact that, once unobserv-
able characteristics are controlled for, we obtain different results compared to simple matching
estimates indicates that the negative association which is sometimes found between educational
attainment and part-time work is unlikely to transmit itself through working per se, but through
unobservable characteristics. Our results suggest a negligible academic cost, in terms of test
scores, to part-time working during grade 12. From a policy point of view one could thus
argue that more stringent child labour laws are unlikely to be conductive in achieving higher
attainment scores and that, as regards to educational achievement, working during high school
should be neither encouraged nor discouraged.
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9 Appendix
Table A: Descriptive statistics of the variables included in the probits
Working Not Working
Frequency Percent Frequency Percent
Gender
Males 3,079 46.73 1,649 50.00
Females 3,510 53.27 1,649 50.00
Parental Education
None 369 5.60 247 7.49
High school 1,089 16.53 511 15.49
Graduate high school (<4 yrs) 2,584 39.22 1,053 31.93
College graduate 1,044 15.84 541 16.40
MA./MSc 664 10.08 378 11.46
PhD/M.D. 291 4.42 359 10.89
Missing 548 8.32 209 6.34
Parental Employment
Father is unemployed 643 9.76 423 12.83
Father is employed 5,946 90.24 2,875 87.17
Mother is unemployed 634 9.62 371 11.25
Mother is employed 5,955 90.38 2,927 88.75
Mother’s Occupation
Ofﬁce Worker 1,557 23.63 605 18.34
Tradeperson 120 1.82 65 1.97
Farmer 20 0.30 17 0.52
F-T Homemaker 1,085 16.47 641 19.44
Laborer 68 1.03 60 1.82
Manager 270 4.10 115 3.49
Military 6 0.09 1 0.03
Machine Operator 459 6.97 214 6.49
Proffesional I 409 6.21 228 6.91
Proffesional II 52 0.79 59 1.79
Small Bussines Owner 112 1.70 65 1.97
Protect Service 16 0.24 5 0.15
Sales 259 3.93 127 3.85
Teacher 445 6.75 270 8.19
Service Worker 1,334 20.25 553 16.77
Technical Worker 122 1.85 75 2.27
Other 195 2.96 161 4.88
Missing 60 0.91 37 1.12
Father’s Occupation
Ofﬁce Worker 310 4.70 105 3.18
Tradeperson 923 14.01 385 11.67
Farmer 149 2.26 72 2.18
F-T Homemaker 11 0.17 5 0.15
Laborer 329 4.99 165 5.00
Manager 719 10.91 303 9.19
Military 91 1.38 47 1.43
Machine Operator 1,268 19.24 588 17.83
Proffesional I 486 7.38 255 7.73
Proffesional II 280 4.25 330 10.01
Small Bussines Owner 262 3.98 120 3.64
Protect Service 175 2.66 70 2.12
Sales 474 7.19 220 6.67
Teacher 166 2.52 77 2.33
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Working Not Working
Frequency Percent Frequency Percent
Service Worker 225 3.41 109 3.31
Technical Worker 179 2.72 86 2.61
Other 356 5.40 242 7.34
Missing 186 2.82 119 3.61
Number of Siblings
none 348 5.28 213 6.46
one 1,843 27.97 925 28.05
two 1,448 21.98 707 21.44
three 802 12.17 364 11.04
four 476 7.22 217 6.58
ﬁve or more 647 9.82 373 11.31
Missing 1,025 15.56 499 15.13
Parental Income
None to $14,999 598 9.08 389 11.80
$15,000 to $24,999 810 12.29 400 12.13
$25,000 to $49,999 2,121 32.19 859 26.05
$50,000 or more 2,073 31.46 1,200 36.39
Missing 987 14.98 450 13.64
School Type
Public 5,773 87.62 2,645 80.20
Catholic 434 6.59 193 5.85
Private 382 5.80 460 13.95
Ethnicity
White 5,215 79.15 2,260 68.53
Asian 353 5.36 261 7.91
Black 392 5.95 386 11.70
Hispanic 588 8.92 360 10.92
Indian (American) 41 0.62 31 0.94
Respondants Age
Age 17 117 1.78 69 2.09
Age 18 1,706 25.89 844 25.59
Age 19 4,642 70.45 2,300 69.74
Age 20 61 0.93 46 1.39
Missing 63 0.96 39 1.18
School Area
Urban 1,584 24.04 972 29.47
Suburban 2,701 40.99 1,225 37.14
Rural 2,295 34.83 1,099 33.32
Missing 9 0.14 2 0.06
Geographic Region
Northeast 1,320 20.03 645 19.56
Northcentral 2,162 32.81 743 22.53
South 2,003 30.40 1,323 40.12
West 1,104 16.76 587 17.80
Education Expenditure
None 2,126 32.27 1,006 30.50
Less than $500 769 11.67 334 10.13
$500-$999 520 7.89 241 7.31
$1,000-$4,999 1,142 17.33 500 15.16
$5,000-$9,999 555 8.42 302 9.16
$10,000-$14,999 246 3.73 155 4.70
$15,000 or more 232 3.52 308 9.34
Missing 999 15.16 452 13.71
Grade 12 School Information
Absenteeism - serious problem 594 9.02 333 10.10
Absenteeism - moderate problem 1,903 28.88 917 27.80
Absenteeism - minor problem 2,648 40.19 1,194 36.20
Absenteeism - not a problem 800 12.14 496 15.04
Absenteeism - Missing 644 9.77 358 10.86
Conﬂict - serious problem 74 1.12 48 1.46
Conﬂict - moderate problem 576 8.74 284 8.61
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Working Not Working
Frequency Percent Frequency Percent
Conﬂict - minor problem 3,137 47.61 1,434 43.48
Conﬂict - not a problem 2,167 32.89 1,178 35.72
Conﬂict - Missing 635 9.64 354 10.73
Alcohol - serious problem 537 8.15 307 9.31
Alcohol - moderate problem 2,213 33.59 1,024 31.05
Alcohol - minor problem 2,323 35.26 1,188 36.02
Alcohol - not a problem 852 12.93 408 12.37
Alcohol - Missing 664 10.08 371 11.25
Drugs - serious problem 34 0.52 18 0.55
Drugs - moderate problem 369 5.60 168 5.09
Drugs - minor problem 2,709 41.11 1,265 38.36
Drugs - not a problem 2,747 41.69 1,456 44.15
Drugs - Missing 730 11.08 391 11.86
Racial Conﬂict - serious problem 16 0.24 10 0.30
Racial Conﬂict - moderate problem 253 3.84 139 4.21
Racial Conﬂict - minor problem 2,074 31.48 983 29.81
Racial Conﬂict - not a problem 3,606 54.73 1,812 54.94
Racial Conﬂict - Missing 640 9.71 354 10.73
Motivation Programme - Yes 1,702 25.83 809 24.53
Motivation Programme - No 4,133 62.73 2,048 62.10
Motivation Programme - Missing 754 11.44 441 13.37
Community Work Programme - Yes 2,002 30.38 964 29.23
Community Work Programme - No 3,866 58.67 1,919 58.19
Community Work Programme - Missing 721 10.94 415 12.58
Workplace Programme - Yes 3,258 49.45 1,443 43.75
Workplace Programme - No 2,594 39.37 1,419 43.03
Workplace Programme - Missing 737 11.19 436 13.22
0% speak english as a 2nd Language 3,610 54.79 1,895 57.46
0% to 5% speak english as a 2nd language 2,016 30.60 841 25.50
6% to 10% speak english as a 2nd language 307 4.66 185 5.61
11% to 100% speak english as a 2nd language 339 5.14 233 7.06
Missing 317 4.81 144 4.37
Grade 8 Aspiration
Won’t ﬁnish high school 19 0.29 21 0.64
Will attend high school 375 5.69 211 6.40
Voc. training after high school 529 8.03 182 5.52
Will attend college 767 11.64 331 10.04
Will ﬁnish college 3,167 48.06 1,453 44.06
Higher school after college 1,723 26.15 1,093 33.14
Missing 9 0.14 7 0.21
Grade 8 Test Scores Mean S.D Mean S.D
Grade 8 Maths 53.06 9.61 53.08 10.45
Grade 8 Reading 53.19 9.89 53.64 10.79
Total N 6,589 3,298
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Males Females
Coef. S.E. T-Stat. P-Value Coef. S.E. T-Stat. P-Value
Ethnicity
Ref: Ethnicity White
Asian, Paciﬁc -0.213 0.086 -2.490 0.013 -0.268 0.083 -3.230 0.001
Hispanic -0.175 0.076 -2.310 0.021 -0.214 0.072 -2.970 0.003
Black -0.414 0.084 -4.950 0.000 -0.486 0.074 -6.610 0.000
American Indian -0.138 0.232 -0.590 0.554 -0.578 0.211 -2.740 0.006
Geographical region
Ref: North East
Midwest 0.151 0.060 2.500 0.012 0.148 0.060 2.450 0.014
South -0.097 0.059 -1.650 0.099 -0.227 0.057 -3.960 0.000
Parental Education Expenditure
Ref: No Parental Education Expenditure
Less than $500 0.171 0.070 2.450 0.014 0.011 0.066 0.160 0.873
$15,000 or more -0.270 0.106 -2.550 0.011 -0.282 0.108 -2.600 0.009
Parental Employment
Father Employed 0.174 0.079 2.200 0.028 0.041 0.074 0.560 0.578
Ref: Mother Occupation Ofﬁce Worker
Tradeperson -0.285 0.153 -1.870 0.061 -0.031 0.141 -0.220 0.827
Farmer -0.437 0.295 -1.480 0.139 -0.691 0.335 -2.060 0.039
F-T Homemaker -0.110 0.066 -1.660 0.096 -0.163 0.064 -2.550 0.011
Laborer -0.488 0.178 -2.740 0.006 -0.299 0.173 -1.730 0.084
Small Business Owner -0.324 0.158 -2.050 0.040 -0.016 0.153 -0.110 0.916
Teacher -0.038 0.089 -0.430 0.669 -0.173 0.088 -1.980 0.048
Technical Worker -0.065 0.151 -0.430 0.668 -0.261 0.135 -1.930 0.054
Otherwise -0.240 0.105 -2.270 0.023 -0.230 0.115 -2.000 0.045
Ref: Father Occupation Ofﬁce Worker
Machine Operator -0.184 0.111 -1.660 0.096 -0.213 0.111 -1.920 0.054
Professional II -0.176 0.151 -1.170 0.244 -0.456 0.150 -3.030 0.002
Small Business Owner 0.095 0.143 0.670 0.506 -0.255 0.143 -1.790 0.074
Technical Worker -0.322 0.153 -2.110 0.035 -0.075 0.155 -0.480 0.631
Other -0.116 0.131 -0.880 0.377 -0.274 0.128 -2.140 0.033
Number of Siblings
Ref: One Sibling
No Siblings 0.024 0.087 0.270 0.786 -0.207 0.090 -2.310 0.021
Four 0.146 0.084 1.750 0.080 -0.011 0.082 -0.130 0.898
School Type
Ref: School Type Public
Catholic 0.163 0.100 1.630 0.104 0.031 0.100 0.310 0.758
Private -0.311 0.096 -3.250 0.001 -0.143 0.098 -1.460 0.145
Racial conﬂict at school
Ref: School has no racial conﬂict problem
Racial Conﬂict - serious problem 0.099 0.050 1.960 0.050 0.001 0.048 0.010 0.988
Racial Conﬂict - moderate problem 0.231 0.125 1.850 0.064 -0.277 0.103 -2.700 0.007
School work programme
Ref: School has school to work programme
Workplace Programme - Yes 0.050 0.049 1.030 0.302 0.160 0.047 3.400 0.001
Community Work Programme - Missing 0.308 0.171 1.810 0.071 0.084 0.174 0.490 0.628
Proportion of pupils with English as a 2nd language
Ref: 0% of School Speaks English as a Second Language
Between 0% and 5% 0.065 0.049 1.330 0.183 0.161 0.049 3.260 0.001
Pupils’ educational aspirations
Ref: Grade 8 Aspirations Higher School after College
Won’t ﬁnish high school. -0.646 0.293 -2.210 0.027 -0.116 0.323 -0.360 0.721
Voc training after high school 0.309 0.090 3.440 0.001 0.132 0.089 1.490 0.137
Will attend college 0.191 0.076 2.510 0.012 -0.021 0.072 -0.300 0.768
Grade 8 Test Scores
Grade 8 Reading 0.082 0.023 3.620 0.000 0.054 0.024 2.290 0.022
Grade 8 Reading Squared -0.001 0.000 -3.480 0.000 0.000 0.000 -2.240 0.025
Constant -1.515 0.687 -2.210 0.027 -2.081 0.727 -2.860 0.004
N 4723 5159
Prob > chi2 0.000 0.000
Pseudo R2 0.066 0.084
Note: Only variables with signiﬁcant coefﬁcients at 10% are reported.
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